1. Introduction {#sec0001}
===============

We test the theoretical prediction that commodity returns contain essential information to forecast stock returns (see [@bib0010]). Theory suggests that increasing commodity returns are associated with increasing inflation and interest rates, and, consequently, bearish stock markets ([@bib0002]). Besides, commodities are recognised as safe havens to diversify investments away from equities. [@bib0005] contend that commodity and stock returns are negatively correlated due to their behaviour over the business cycle. During the early stages of a recession, commodity returns are positive, whereas stock returns are negative; this trend reverses during the latter stages.[1](#cit_1){ref-type="fn"} However, during an expansion phase, both returns tend to move in the same direction, since they indicate the direction of the economy.

If the correlation translates into causation, commodity returns can help predict stock returns. To test this hypothesis, we use two unique datasets covering four centuries and three leading stock markets (Netherlands, UK, and US). Specifically, we consider stock return and 25 commodity-return data over the period of 1629 to 2005. We show that commodity returns contain useful information to forecast stock returns. We find that approximately 64% and 56% of the commodity returns can predict stock returns in-sample and out-of-sample, respectively. Aggregating commodity returns by markets, returns from agriculture, energy, and livestock and meat markets appear to predict stock returns. These results are robust to recessions and expansions.

The literature focuses on the role played by financial and macroeconomic variables, such as interest rates, dividend yields, and consumption--wealth ratio, in predicting stock returns (see [@bib0001]; [@bib0003]; [@bib0012]; [@bib0004]). By comparison, the ability of commodity returns to forecast stock returns is not extensively investigated. The main studies considering the role of commodity returns in forecasting stock returns are [@bib0002] and [@bib0010]. [@bib0010] consider a single commodity return index, while [@bib0002] consider seven commodity-return indexes over a relatively shorter period.

We contribute to the scarce literature in three distinct ways. First, our analysis covers four centuries. Such an extensive examination has the advantage that it improves upon the statistical power to reject the null of no return predictability because it introduces independent variation to the data. Second, unlike prior studies, we consider 25 distinct commodity returns as well as four commodity market returns, namely metals, energy, livestock and meat, and agriculture. This aside, we examine three leading stock markets. This provides a rich picture of commodity returns as predictor of stock returns. Finally, we advance prior studies by simultaneously addressing issues of heteroskedasticity, persistency, and endogeneity that often feature time series data.

The paper proceeds as follows. [Section 2](#sec0002){ref-type="sec"} outlines our model and data. [Section 3](#sec0005){ref-type="sec"} presents the results and robustness tests. [Section 4](#sec0010){ref-type="sec"} concludes the paper.

2. Model and data {#sec0002}
=================

2.1. Model {#sec0003}
----------

Our model connecting stock returns to commodity returns is as follows:$$ER_{t} = \alpha + \beta CR_{t - 1} + \delta\Delta CR_{t} + \varepsilon_{t}$$where *ER* and *CR* are, respectively, stock and commodity returns; α, β, and δ are parameters of the model; *t* is the time subscript; ε is the error term. The model controls for endogeneity by including the lag of *CR* (see [@bib0013]), and deals with persistency by including the first difference of *CR* (see [@bib0014]). Because the variance of ε is likely heteroskedastic, we model it as following an autoregressive conditional heteroskedastic structure:$$\sigma_{\varepsilon_{t}}^{2} = \varphi_{0} + \sum\limits_{j = 1}^{q}\varphi_{j}\varepsilon_{t - j}^{2}$$where $\sigma_{\varepsilon_{t}}^{2} = var\left( \varepsilon_{t} \middle| I_{t - 1} \right)$, *I* ~*t* − 1~ is the information available at *t* − 1, ϕs are parameters, and *q* is the optimal lag. The predicted values of $\sigma_{\varepsilon_{t}}^{2}$ is used as the weight in the generalised least squares estimation of [Eq. (1)](#eqn0001){ref-type="disp-formula"}. Commodity returns consistently predict stock returns in-sample, if we can show that β is significantly different from zero.

2.2. Data {#sec0004}
---------

The stock returns data is from [@bib0004] and covers three leading markets, Netherlands and UK (1629--1812), UK (1813--1870), and US (1871--2015). These periods represent key events. Amsterdam was the leading financial center, followed by London, during the 1629--1812 period ([@bib0011]). Similarly, during the 1813--1870 period, London was the leading financial center ([@bib0007]). Finally, during the 1871--2015 period, the US transitioned to the leading economy and New York became the leading financial center ([@bib0004]). The full sample period merges these three samples, thus, covering the period 1629 to 2015. We calculate stock returns as *ER~t~* = *ln*\[(*P~t~* + *D~t~*)/*P* ~*t* − 1~\], where *ln, P* and *D* are, respectively, the natural logarithm operator, stock price, and dividend. We calculate commodity returns as *CR~t~*  =  *ln*(*CP~t~*/*CP* ~*t* − 1~), where *CP* is commodity price. We collect data on 25 commodity price indexes over the period of 1650 to 2005 from [@bib0006]. Naturally, it will be interesting extending the data to the present in order to capture recent events, such as the global financial crisis of 2007--2008, the Russia--Saudi Arabia oil price war of 8 March 2020, and the current COVID-19 pandemic (see [@bib0008], [@bib0009]). However, while it is quite straightforward to extend the stock returns data, this is not the case for the commodity returns data, since the manufacturing value-added price index used to deflate the commodity prices is only available to 2005 (see [@bib0006]). Given this issue, combining the two datasets yields a sample period of 1650 to 2005.

We calculate aggregate commodity return indicators for the four main commodity markets, namely, agriculture (including banana, cocoa, coffee, cotton, jute, rice, sugar, tea, tobacco, and wheat), energy (coal and crude oil), livestock and meat (including beef, hide, lamb, pig iron, and wool), and metals (such as aluminium, copper, gold, lead, nickel, silver, tin, and zinc), using principal component analysis. We do not outline this procedure, since it is well known.

3. Results {#sec0005}
==========

3.1. Summary statistics {#sec0006}
-----------------------

[Table 1](#tbl0001){ref-type="table"} reports summary statistics on stock returns, the 25 commodity returns, and four aggregate (market) commodity returns for the full sample period (1629--2005). Annual average stock return is 6%, while annual volatility is 15%. On average, 36% of the commodity returns are positive, while the remaining 64% are negative. The commodity returns are also volatile; tea returns being the highest (43%). At the market level, the commodities averaged positive returns with a very high volatility.Table 1Summary statistics.This table reports selected summary statistics for stock returns, the 25 commodity returns, and four aggregate (market) commodity returns using the full sample period (1629--2005). The statistics are mean value (Mean), standard deviation (SD), Augmented Dickey--Fuller test (ADF), autoregressive coefficient of order one (AR(1)), AR conditional heteroskedasticity (ARCH) effect test, and endogeneity test (ENDO). For endogeneity, we test whether γ in the regression ε~*t*~ =  γε~*t*~ + η~*t*~ is zero, where ε~*t*~ is the error term from our predictive regression *ER~t~* = α + β*CR*~*t* − 1~ + δΔ*CR~t~* + ε~*t*~ and ε~*t*~ is the error term from the AR(1) regression of the predictor *CR~t~* = μ(1 − ρ) +  ρ*CR*~*t* − 1~ + ε~*t*~. We report γ in the table. There is endogeneity, if we reject the null hypothesis that γ = 0. N/A, \*\*\*, \*\*, and \* denote, respectively, non-applicable and the statistical significance at the 1%, 5%, and 10% levels.Table 1MeanSDADFAR(1)ARCHENDOStock returns0.05980.1462−16.0116−0.02162.6279N/AIndividual returnsAluminium−0.03570.2871−11.17600.09770.02310.0293Banana−0.02940.1347−8.74300.119610.6019\*\*\*0.0908Beef0.00330.2031−18.73010.00460.01420.0820\*\*Coal0.00680.2446−15.70320.02910.02230.0426Cocoa0.00210.1992−18.8575−0.01020.01050.1164\*\*\*Coffee−0.00480.2959−13.68920.03900.02830.0101Copper−0.00560.2631−16.73650.02010.01130.0784\*\*Cotton−0.00160.2631−13.31790.06390.02750.0369Gold−0.00320.2527−20.2470−0.07630.09310.0586\*Hide−0.00190.2725−19.0273−0.04386.3861\*\*0.0635\*\*Jute0.00210.1868−18.03980.03930.01410.1367\*\*\*Lamb0.00370.2801−14.8196−0.04180.01780.0627Lead−0.03790.2266−9.85330.061511.1901\*\*\*0.0302Nickel−0.00430.2214−15.2755−0.03240.11280.0134Oil0.00000.2891−12.3100−0.01020.01460.0289Pig iron0.00540.2644−13.30700.04430.01530.0380Rice0.00350.2116−19.1671−0.02160.00660.0817\*\*Silver0.00000.2057−19.4293−0.03490.01030.0724\*Sugar−0.00450.2936−11.29260.11920.06730.0499Tea−0.00820.4294−11.73510.02260.0374−0.0192Tin−0.00550.2425−13.75540.06620.01160.0181Tobacco−0.00710.2554−19.2209−0.07930.00750.0452Wheat−0.00340.2065−17.69750.00280.00110.1102\*\*\*Wool−0.00950.2595−16.4965−0.04420.68550.0277Zinc−0.01240.2265−18.5535−0.01950.01280.0748\*\*Market returnsMetals0.00001.6940−8.36170.1945\*\*0.3961−0.0035Energy0.00001.2952−12.6526−0.03560.03110.0061Livestock & Meat0.00001.6115−14.3945−0.00530.02030.0068Agriculture0.00001.6921−7.80430.2400\*\*1.0717−0.0046

There is strong evidence against unit roots in all returns, using the Augmented Dickey--Fuller test (ADF). However, the autoregressive coefficient of order one (AR(1)) suggests that two market returns (metals and agriculture) are persistent. The AR conditional heteroskedasticity (ARCH) effect test results suggest evidence of "ARCH" effects in three commodity returns. Finally, there is evidence of endogeneity in 10 out of the 25 commodity returns. Our framework controls for these statistical features of the returns.

3.2. In-sample predictability {#sec0007}
-----------------------------

We examine the in-sample predictive power of commodity returns by estimating [Eq. (1)](#eqn0001){ref-type="disp-formula"}. [Table 2](#tbl0002){ref-type="table"} shows these results. We chose the subsamples to mark the distinct periods when the Netherlands, the UK, and the US became the leading international financial centers, consistent with prior work (see [@bib0004]).[2](#cit_2){ref-type="fn"} From [Table 2](#tbl0002){ref-type="table"}, a maximum of 16 commodities can predict stock returns, which is substantial given a total of 25 commodities in our sample. Considering the entire sample period (1650--2005), over half of the commodities (i.e. 52%) can predict stock returns. The maximum predictability (i.e. 64%) is observed during the 1813--1870 subsample period, then followed by 1945--2005 (60%), 1650--1812 (52%), and 1700--1812 (52%). The weakest subsample predictability periods are 1871--2005 (12%) and 1871--1945 (28%). This shows evidence of temporal or time-dependant predictability of stock returns, which is consistent with prior studies, such as [@bib0014] and [@bib0004], which document time-varying predictability of asset returns.Table 2In-sample predictability without recessions.This table reports results on stock return predictability using 25 commodity returns as predictors. The predictive regression model is estimated using a bias-adjusted feasible generalised least squares estimator. We report the coefficients of the predictors. \*, \*\*, and \*\*\* are significance at the 10%, 5% and 1% levels, respectively. Coeff., p-val, and N/A denote, respectively, coefficient, p-value, and non-applicable due to insufficient observations.Table 2Time SpansNetherlands & UKNetherlands & UKUKUSUSUSFull sampleIndividual returns1629--18121700--18121813--18701871--19451945--20051871--20051629--2005AluminiumCoff.N/AN/A1.047\*\*\*0.09070.2662\*0.08980.0539p-valN/AN/A(0.000)(0.5355)(0.0601)(0.4791)(0.5433)BananaCoff.N/AN/AN/A0.24300.5120\*\*\*0.3973\*\*0.3973\*\*p-valN/AN/AN/A(0.5596)(0.0000)(0.0220)(0.0220)BeefCoff.0.6112\*\*\*0.6786\*\*\*0.1611−0.0113−0.3470\*\*−0.11140.0954\*p-val(0.0000)(0.0000)(0.4783)(0.9471)(0.0117)(0.3996)(0.0561)CoalCoff.0.1589\*\*\*0.1589\*\*\*0.3075\*\*\*0.11010.4918\*\*\*0.2877\*\*0.1181\*\*\*p-val(0.0000)(0.0000)(0.0034)(0.3975)(0.0000)(0.0404)(0.0051)CocoaCoff.0.3594\*\*\*0.5020\*\*\*0.5535\*\*\*−0.3679\*\*\*0.2531−0.09240.1467\*\*p-val(0.0000)(0.0000)(0.0000)(0.0000)(0.1723)(0.6664)(0.0133)CoffeeCoff.0.24780.24780.2963\*\*\*0.2160−0.01610.02610.0662p-val(0.5646)(0.5646)(0.0002)(0.1617)(0.8356)(0.7302)(0.2048)CopperCoff.0.4948\*\*\*0.4948\*\*\*0.3666\*\*\*−0.01460.10570.09540.1474\*\*\*p-val(0.0002)(0.0002)(0.0000)(0.9184)(0.1838)(0.2640)(0.0000)CottonCoff.−0.5660−0.56600.4089\*\*\*−0.0681−0.2588\*\*−0.10460.0456p-val(0.1426)(0.1426)(0.0000)(0.6652)(0.0399)(0.4197)(0.5700)GoldCoff.0.2450\*\*\*0.4018\*\*\*0.1577\*\*\*−0.2895−0.3232\*\*−0.15640.0875\*p-val(0.0000)(0.0000)(0.0000)(0.1835)(0.0306)(0.2352)(0.0526)HideCoff.0.0011−0.02800.12560.11930.29420.02950.0387p-val(0.9836)(0.6372)(0.2470)(0.3247)(0.1680)(0.8432)(0.2878)JuteCoff.0.6096\*\*\*0.6817\*\*\*0.6585\*\*\*0.2952−0.3352\*\*−0.00550.1647\*\*\*p-val(0.0000)(0.0000)(0.0000)(0.1761)(0.0145)(0.9635)(0.0087)LambCoff.−0.2611−0.26110.3970\*\*\*0.0802−0.2444\*−0.00440.0536p-val(0.6063)(0.6063)(0.0000)(0.6268)(0.0773)(0.9659)(0.3791)LeadCoff.N/AN/AN/A−0.00660.04330.06160.0616p-valN/AN/AN/A(0.9832)(0.7687)(0.6773)(0.6773)NickelCoff.0.04750.1256−0.12700.5482\*\*\*−0.3157\*0.07530.0087p-val(0.5138)(0.1306)(0.4335)(0.0000)(0.0811)(0.5430)(0.8853)OilCoff.N/AN/A0.6312\*\*\*0.1194−0.0828−0.00280.0377p-valN/AN/A(0.0000)(0.5693)(0.5538)(0.9752)(0.6279)Pig ironCoff.N/AN/A0.4261\*\*\*0.0710−0.2040\*\*0.02750.0608p-valN/AN/A(0.0000)(0.6806)(0.0104)(0.8295)(0.4263)RiceCoff.0.5375\*\*\*0.5693\*\*\*0.25440.0424−0.1855−0.07280.1060\*p-val(0.0000)(0.0000)(0.2585)(0.8280)(0.3573)(0.5420)(0.0667)SilverCoff.0.4430\*\*\*0.4510\*\*\*0.7529\*\*\*−0.1851\*\*\*−0.3991\*\*\*−0.18480.1106\*p-val(0.0000)(0.0002)(0.0000)(0.0000)(0.0005)(0.2214)(0.0557)SugarCoff.N/AN/A0.2592\*\*−0.1164\*\*\*0.2097\*0.04100.0605p-valN/AN/A(0.0232)(0.0000)(0.0900)(0.6658)(0.3434)TeaCoff.N/AN/A0.0414−0.1802\*\*\*−0.0516−0.1580\*0.0179p-valN/AN/A(0.1811)(0.0000)(0.7041)(0.0697)(0.6254)TinCoff.0.3882\*\*0.3882\*\*0.1001−0.1694−0.0728−0.19170.0070p-val(0.0365)(0.0365)(0.4634)(0.5267)(0.7016)(0.3053)(0.9103)TobaccoCoff.0.1945\*\*\*0.1963\*\*\*−0.21140.3697\*\*\*−0.1848\*0.13140.0961\*\*p-val(0.0014)(0.0014)(0.3968)(0.0000)(0.0677)(0.1585)(0.0286)WheatCoff.0.5621\*\*\*0.5315\*\*\*0.6800\*\*\*0.4454\*\*\*−0.2259\*\*\*0.06450.1836\*\*\*p-val(0.0000)(0.0000)(0.0000)(0.0096)(0.0072)(0.6499)(0.0017)WoolCoff.0.5060\*\*\*0.5377\*\*\*0.6778\*\*\*0.1582−0.0722−0.01230.1031\*\*p-val(0.0000)(0.0000)(0.0000)(0.2730)(0.1708)(0.8774)(0.0175)ZincCoff.0.1482\*0.2389\*\*\*0.4608\*\*\*−0.05580.2327\*0.12750.1292\*\*\*p-val(0.0542)(0.0005)(0.0000)(0.7335)(0.0518)(0.2902)(0.0010)Market returnsMetalsCoff.0.01570.01740.0303\*\*\*−0.01150.00880.00220.0022p-val(0.3991)(0.3253)(0.0000)(0.6604)(0.6368)(0.9056)(0.9056)EnergyCoff.0.1589\*\*\*0.1589\*\*\*0.0513\*\*\*0.02580.03350.02780.0130p-val(0.0000)(0.0000)(0.0015)(0.2846)(0.2294)(0.1105)(0.3728)Livestock & MeatCoff.−0.0221−0.02210.0473\*\*\*0.0132−0.0288\*−0.00750.0062p-val(0.5134)(0.5134)(0.0002)(0.5938)(0.0891)(0.6990)(0.5943)AgricultureCoff.0.0324\*\*\*0.0323\*\*\*0.0277\*\*\*0.0165−0.0256\*\*\*0.00670.0067p-val(0.0000)(0.0000)(0.0012)(0.4727)(0.0028)(0.6223)(0.6223)

The results indicate that commodities, such as beef, coal, cocoa, copper, gold, jute, silver, tobacco, wheat, and zinc, are the most consistent predictors of stock returns. In terms of markets, returns from agricultural and energy markets consistently predict stock returns.

3.3. Out-of-sample predictability {#sec0008}
---------------------------------

We perform the out-of-sample predictability tests using two widely recognised measures of predictive accuracy, namely, the out-of-sample R-squared (*OOS*) of [@bib0003] and Theil\'s *U* ratio. Based on these measures, we compare the predictive accuracy of our model to the following historical average model:$$ER_{t} = \alpha + \varepsilon_{t - 1}$$

The *OOS* statistic for testing the predictive accuracy of [Eq. (1)](#eqn0001){ref-type="disp-formula"} relative to [Eq. (3)](#eqn0003){ref-type="disp-formula"} is:$$OOS = 1 - \frac{MSE_{1}}{MSE_{0}}$$where *MSE* ~0~ and *MSE* ~1~ denote the mean squared error of the historical average model and our model, respectively.[3](#cit_3){ref-type="fn"} Our model is more accurate relative to the historical average, if *OOS* is greater than zero (i.e. *OOS* \> 0). Similarly, Theil\'s *U* ratio can be stated as follows:$$U = \frac{U_{1}}{U_{0}}$$ $$U_{i} = \sqrt{\sum\limits_{t = 1}^{T - 1}\left( {\left( {{\hat{ER}}_{t + 1} - ER_{t + 1}} \right)/ER_{t}} \right)^{2}/\sum\limits_{t = 1}^{T - 1}\left( {\left( {ER_{t + 1} - ER_{t}} \right)/ER_{t}} \right)^{2}}\mspace{6mu}\forall\mspace{6mu} i = 0,\mspace{6mu} 1$$where *U* ~0~ and *U* ~1~ denote Theil\'s *U* statistic of the historical average model and our model, respectively; *U, ER~t~*, and $\mspace{6mu}{\hat{ER}}_{t}$ denote, respectively, relative Theil\'s *U* ratio, the actual and forecast values of stock returns; *t* and *T* denote, respectively, time period and total observations. Our model outperforms the historical average, if Theil\'s *U* ratio is less than one (i.e. *U* \< 1).

Unlike the in-sample analysis, the predictive accuracy for the out-of-sample analysis is based on the sample periods 1871--2005 and 1629--2005, to ensure adequate observations for the in-sample estimations. We use the first 50% of the sample to estimate both models and the remaining 50% for the out-of-sample predictions. [Table 3](#tbl0003){ref-type="table"} shows the *OOS* and Theil\'s *U* statistics for a one-year ahead prediction of stock returns. The *OOS* statistic suggests that 28% of the commodities predict returns for the sample periods 1871--2005 and 1629--2005. Using Theil\'s *U* statistic, we find that 20% and 56% of the commodities predict returns, for the sample periods 1871--2005 and 1629--2005, respectively. The moderate out-of-sample performance of the 1871--2005 period compares well with the in-sample performance. Aggregating commodity returns by markets, returns from energy, and livestock and meat markets appear to predict stock returns out-of-sample.Table 3Out-of-sample predictability without recessions.This table reports out-of-sample evaluations using relative out-of-sample R-squared (*OOS*) and Theil\'s *U* statistic (*U*). We set the out-of-sample period equivalent to 50% of the sample size. \*, \*\*, and \*\*\* are significance at the 10%, 5%, and 1% levels, respectively.Table 3Time Spans1871--20051629--2005Individual returns*OOSUOOSU*Aluminium0.01521.01610.02261.0710Banana−0.22691.1470−0.22691.1470Beef0.02211.0124−0.73950.8973Coal0.01161.00640.01821.0516Cocoa−0.00691.0090−0.33700.8924Coffee−0.33801.1122−0.00511.0045Copper−0.00780.9954−0.06860.8980Cotton0.01321.0044−0.00641.0065Gold0.02130.9781−0.17500.9147Hide−0.03621.0525−0.02161.0162Jute−0.17461.1119−0.68720.8780Lamb−0.12350.9988−0.05111.0398Lead−0.00871.0355−0.00871.0355Nickel−0.30151.1360−0.02120.9537Oil−0.12791.1058−0.01560.9576Pig iron−0.01401.03440.00240.9995Rice−0.01981.0460−0.65230.8908Silver0.00710.9974−0.45900.9083Sugar−0.01541.04060.00661.0579Tea0.02620.9854−0.01661.0027Tin−0.00570.99310.00681.0226Tobacco−0.22021.0877−0.01710.9741Wheat−0.17121.0510−0.43980.9112Wool−0.02361.0301−0.81430.9184Zinc−0.00501.01190.01880.9663Market returnsMetals−0.04101.0709−0.04101.0709Energy−0.03420.26060.01141.0236Livestock & Meat−0.02181.03180.00551.0132Agriculture−0.12701.0830−0.12701.0830

3.4. Robustness tests {#sec0009}
---------------------

Stock return predictability depends on whether the economy is in a recession or an expansion ([@bib0004]). Our baseline in-sample predictability results may be driven by recessionary and expansionary pressures. We correct this by introducing into our model a recession dummy, which equals one if the economy is in a recession, and zero otherwise. The results, which appear in [Table 4](#tbl0004){ref-type="table"} , are consistent with the baseline. In fact, the predictive power of commodity returns improves to a maximum of 68%, and, thus, strengthening our conclusion. These results also suggest time-dependant predictability of stock returns.Table 4In-sample predictability with recessions.This table reports results on stock return predictability using 25 commodity returns as predictors and controlling for recessions. The predictive regression model is estimated using a bias-adjusted feasible generalised least squares estimator. We report the coefficients of the predictors. \*, \*\*, and \*\*\* are significance at the 10%, 5% and 1% levels, respectively. Coeff., p-val, and N/A denote, respectively, coefficient, p-value, and non-applicable due to insufficient observations.Table 4Time SpansNetherlands & UKNetherlands & UKUKUSUSUSFull sampleIndividual returns1629--18121700--18121813--18701871--19451945--20051871--20051629--2005AluminiumCoff.N/AN/A0.9973\*\*\*0.14140.14350.12480.0502p-valN/AN/A(0.0024)(0.4024)(0.4335)(0.2874)(0.5343)BananaCoff.N/AN/AN/A0.50100.4585\*\*\*0.6086\*\*\*0.6086\*\*\*p-valN/AN/AN/A(0.2058)(0.0065)(0.0019)(0.0019)BeefCoff.0.6088\*\*\*0.6702\*\*\*0.27500.0544−0.3233−0.06020.0918\*p-val(0.0000)(0.0000)(0.2684)(0.7524)(0.1586)(0.6389)(0.0671)CoalCoff.0.1510\*\*\*0.1510\*\*\*0.2924\*\*\*0.2198\*\*\*0.6465\*\*\*0.3594\*\*0.1182\*\*\*p-val(0.0000)(0.0000)(0.0000)(0.0000)(0.0000)(0.0149)(0.0031)CocoaCoff.0.3595\*\*\*0.5086\*\*\*0.5486\*\*\*−0.15920.12020.04170.1452\*\*p-val(0.0000)(0.0000)(0.0000)(0.5503)(0.4655)(0.8571)(0.0152)CoffeeCoff.0.5485\*0.5485\*0.2695\*\*\*0.3399\*\*−0.12870.03830.0383p-val(0.0852)(0.0852)(0.0025)(0.0196)(0.1744)(0.5740)(0.5740)CopperCoff.0.5071\*\*\*0.5071\*\*\*0.3573\*\*\*−0.01410.08780.08570.1406\*\*\*p-val(0.0001)(0.0001)(0.0000)(0.9174)(0.4103)(0.2948)(0.0000)CottonCoff.−0.0488−0.04880.4553\*\*\*−0.0655−0.1903\*−0.09350.0284p-val(0.9362)(0.9362)(0.0000)(0.7166)(0.0889)(0.4473)(0.7321)GoldCoff.0.2752\*\*\*0.3423\*\*\*0.2349−0.3412\*\*\*−0.3076\*\*−0.15280.0847\*p-val(0.0000)(0.0000)(0.1780)(0.0000)(0.0480)(0.2013)(0.0641)HideCoff.0.0057−0.02620.07790.1547−0.04440.03990.0384p-val(0.9159)(0.6603)N/A(0.2543)(0.7743)(0.7751)(0.2928)JuteCoff.0.6328\*\*\*0.6758\*\*\*0.7397\*\*\*0.4949\*\*\*−0.5187\*\*\*0.11430.1625\*\*p-val(0.0000)(0.0000)(0.0000)(0.0000)(0.0002)(0.3483)(0.0108)LambCoff.−0.2847−0.28470.3736\*\*0.0761−0.2851\*\*\*−0.02590.0360p-val(0.6327)(0.6327)(0.0160)(0.6593)(0.0001)(0.7960)(0.5642)LeadCoff.N/AN/AN/A0.3004\*0.02650.04800.0480p-valN/AN/AN/A(0.0826)(0.8037)(0.7449)(0.7449)NickelCoff.0.05220.0365−0.05480.5335\*\*\*−0.3134\*\*\*0.10560.0071p-val(0.5043)(0.6807)(0.8398)(0.0000)(0.0090)(0.3972)(0.9099)OilCoff.N/AN/A0.8113\*\*\*0.1332−0.08050.04090.0317p-valN/AN/A(0.0000)(0.5417)(0.5240)(0.6314)(0.6721)Pig ironCoff.N/AN/A0.3462\*\*0.0569−0.18090.04090.0531p-valN/AN/A(0.0234)(0.7447)(0.3502)(0.7401)(0.4873)RiceCoff.0.5372\*\*\*0.5871\*\*\*0.2149\*0.0734−0.2355−0.01900.1029\*p-val(0.0000)(0.0000)(0.0964)(0.6990)(0.2269)(0.8630)(0.0786)SilverCoff.0.4614\*\*\*0.4389\*\*\*0.6917\*\*\*−0.0243−0.3001\*\*−0.13280.1068\*p-val(0.0000)(0.0001)(0.0000)(0.9198)(0.0420)(0.4057)(0.0679)SugarCoff.N/AN/A0.3522\*\*\*−0.11590.14740.06140.0458p-valN/AN/A(0.0001)(0.4170)(0.2732)(0.5079)(0.4620)TeaCoff.N/AN/A0.0398−0.1574\*−0.0491−0.1307−0.0096p-valN/AN/A(0.2212)(0.0586)(0.6273)(0.1410)(0.7974)TinCoff.0.4426\*\*\*0.4426\*\*\*0.0883−0.2022\*\*\*−0.0494−0.1519−0.0050p-val(0.0000)(0.0000)(0.6345)(0.0000)(0.7670)(0.3523)(0.9380)TobaccoCoff.0.1949\*\*\*0.1960\*\*\*−0.07410.4646\*\*\*−0.15400.1857\*0.0981\*\*p-val(0.0009)(0.0010)(0.6401)(0.0000)(0.1988)(0.0543)(0.0215)WheatCoff.0.5554\*\*\*0.6378\*\*\*0.6515\*\*\*0.6223\*\*\*−0.3105\*\*\*0.08210.1959\*\*\*p-val(0.0000)(0.0000)(0.0000)(0.0000)(0.0000)(0.5211)(0.0011)WoolCoff.0.4967\*\*\*0.5039\*\*\*0.6364\*\*\*0.2049−0.04180.02290.1010\*\*p-val(0.0000)(0.0000)(0.0000)(0.1534)(0.5162)(0.7790)(0.0201)ZincCoff.0.1990\*\*\*0.2939\*\*\*0.4307\*\*\*0.10600.19660.1959\*0.1317\*\*\*p-val(0.0078)(0.0000)(0.0000)(0.5278)(0.1369)(0.0886)(0.0006)Market returnsMetalsCoff.0.0455\*\*\*0.0455\*\*\*0.0311\*\*\*0.0396−0.00240.00400.0040p-val(0.0000)(0.0000)(0.0000)(0.1427)(0.8476)(0.8256)(0.8256)EnergyCoff.0.1510\*\*\*0.1510\*\*\*0.1510\*\*\*0.03650.02600.0405\*\*0.0119p-val(0.0000)(0.0000)(0.0000)(0.1957)(0.1486)(0.0225)(0.3599)Livestock & MeatCoff.−0.0173−0.01730.04040.0274−0.0339\*\*\*−0.00400.0045p-val(0.6567)(0.6567)N/A(0.1961)(0.0000)(0.8272)(0.6980)AgricultureCoff.0.0322\*\*\*0.0331\*\*\*0.0256\*\*\*0.0327−0.0284\*\*0.01500.0150p-val(0.0000)(0.0000)(0.0077)(0.1329)(0.0496)(0.2738)(0.2738)

[Table 5](#tbl0005){ref-type="table"} reports similar out-of-sample results. As before, we use the first 50% of the sample to estimate both models and the remaining 50% for the out-of-sample predictions. We include the recession dummy and generate one-period ahead forecasts. The *OOS* statistic shows that 24% and 48% of the commodities predict returns for the sample periods 1871--2005 and 1629--2005, respectively. Theil\'s *U* statistic shows that 80% of the commodities predict returns, for the sample periods 1871--2005 and 1629--2005. Consistent with the in-sample predictability, we find that the predictive power of commodity returns improves to a maximum of 80%, controlling for business cycles. In addition to energy and livestock and meat markets, returns from the metal market predict stock returns out-of-sample.Table 5Out-of-sample predictability with recessions.This table reports out-of-sample evaluations using relative out-of-sample R-squared (*OOS*) and Theil\'s *U* statistic (*U*) and controlling for recessions. We set the out-of-sample period equivalent to 50% of the sample size. \*, \*\*, and \*\*\* are significance at the 10%, 5%, and 1% levels, respectively.Table 5Time Spans1871--20051629--2005Individual returns*OOSUOOSU*Aluminium0.00270.89640.05961.0069Banana−0.11001.0054−0.11001.0054Beef−0.01160.9303−0.73340.8952Coal0.04810.94060.03421.0284Cocoa−0.02410.9273−0.33700.8894Coffee−0.60151.01780.03940.9644Copper0.00500.9273−0.08650.8682Cotton−0.01260.90850.03110.9726Gold−0.05020.8786−0.17140.8974Hide−0.06800.9106−0.01300.9907Jute−0.24140.9952−0.68060.8741Lamb−0.14760.93160.02770.9731Lead0.02211.00940.02211.0094Nickel−0.29111.0484−0.01610.9500Oil−0.11920.98320.03020.9118Pig iron−0.01950.92550.05070.9875Rice−0.05610.9469−0.64910.8887Silver−0.04690.9253−0.50350.9046Sugar−0.06420.92670.04740.9806Tea0.01760.91720.01730.9135Tin−0.10710.87690.04931.0177Tobacco−0.28771.0095−0.02750.9409Wheat−0.42430.9491−0.41920.9079Wool−0.14140.9381−0.97450.9198Zinc0.03240.89420.02040.9480Market returns−0.06060.9553−0.06060.9553Metals0.02780.93430.05220.9748Energy−0.10750.92820.03680.9908Livestock & Meat−0.08881.0116−0.08881.0116Agriculture−0.02401.0354−0.02401.0354

4. Conclusion {#sec0010}
=============

We test the hypothesis that commodity returns can predict stock returns. Using two unique historical datasets on commodity and stock prices covering four centuries and three leading markets, we show that commodity returns do predict stock returns. We show that 64% and 56% of the commodity returns can predict stock returns in-sample and out-of-sample, respectively. Commodity returns from agriculture, energy, and livestock and meat markets appear to consistently predict stock returns. Our results are robust to recessions and expansions. Our estimates imply that investors can potentially enhance their trading strategies by exploiting commodity return information. Similarly, our estimates imply that analysts can better forecast the stock market by considering commodity prices. Although we do incorporate business cycles in our framework, we do not include the popular predictors of stock returns, such as interest rates, dividend yields, and the consumption--wealth ratio. Further studies should consider these variables to substantiate the strength of commodity returns as a predictor of stock returns.
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This behaviour arises because commodity prices are strongly influenced by short-run fluctuations in supply and demand, whereas stock prices are largely influenced by discounted future cash flows ([@bib0005]).

For example, the US transitioned to the leading international financial center during the period 1871 to date. The period 1871--1945 represents the transition phase, while the period 1945--2005 represents the dominance phase.

Mean squared error is calculated as $MSE = \frac{1}{T}\sum\limits_{t = 1}^{T}\left( {{\hat{ER}}_{t} - ER_{t}} \right)^{2}$.
